Abstract
Introduction

31
Different techniques can be used for modeling nonlinear systems in structural engineering, and the 32 models obtained from these techniques can be broadly categorized into two groups: phenomenological 33 (or knowledge-based) and behavioral. Phenomenological models consider the physical laws governing 34 the system (such as energy, momentum, etc.). In these models, the structure of the system should be (NU-ITI) database [22] is used for the G-C model development; as such, the proposed model is valid 25 for a wide range of structural properties. The multiple imputation method [23] is used to deal with 26 missing data so that the collected data can be incorporated in the model development as much as 
Multi-gene symbolic regression
37
Genetic algorithm (GA) [13] and genetic programming (GP) [12] are two specific types of evolutionary 38 algorithms that have been used in wide range of practical problems in different fields such as optimizing a fixed set of variables or finding a global optimum solution [24] . GA is a traditional 1 optimization technique that uses a fixed length linear representation with binary encoding of all 2 parameters; thus, the output of the GA is a string of numbers. Compared with the GA approach, GP 3 solves the optimization problems without requiring the user to know or pre-define the structure of the 4 solution. GP randomly creates a population of possible solutions composed of functions and terminals 5 appropriate to the problem domain for the first generation. New generations are created by genetic 6 operations such as crossover and mutation. Crossover creates a new individual from two parental 7 individuals during the evolutionary process by randomly selecting a node from the parental individuals 8 and exchanging the subtrees under the selected nodes. Mutation creates a new individual from an 9 existing tree in a population by truncating and replacing one node of a tree with another randomly 10 generated node from the same set. The individual with higher fitness values will have a higher 11 probability of surviving in the successive generation. In order to find the best fitting solution, GP 12 modifies the individual solution of a population after a number of runs in each generation and selects 13 the parental individuals from the population based on a suitable fitness function.
14 Symbolic regression technique can be implemented using standard GP to evolve a population of ( , , ) . 
through the use of a non-dominated sorting technique [25] . Note that non-dominated sorting technique Next, a -crowding factor‖ (i.e., the average distance of a solution from the nearest solutions (either 7 side) on the same Pareto front) is calculated for each individual to increase the diversity of the 8 population, giving lower priority to the solutions that are crowded together during the ranking process. shrinkage) subjected to a sustained stress; it has a direct influence on prestress losses of pretensioned 6 concrete members and the long-term deflection of girders [29] . Furthermore, it is well known that in 7 concrete repairs, cracking due to restrained shrinkage can reduce the performance of a structure and 
11
For concrete, total creep includes an instantaneous component, basic creep, and drying creep.
12
When a load is applied on a concrete specimen, the specimen first shows a recoverable instantaneous respectively. Table 1 shows the parameter settings used for the MOGP implementation in this study.
36
The parameter settings used in Table 1 are based on previously suggested values that can be found in 37 the literature [16] [17] [18] [19] , and employing a trial-and-error approach. ] Here, a -rate-based high-level crossover‖ through the use of a crossover rate parameter (CR) is 
Experimental Data
Comprehensive experimental data selected from the NU-ITI data bank is used for development of the the missing data issue are summarized in Table 2 . References used for collecting Big Data in Table 2 13 can be found in Electronic Annex in the online version of this paper. Note that the experimental result Overall, a total number of 393 specimens and 7438 corresponding data points were selected, 2 which presents a Big Data challenge for analyzing concrete total creep compliance. The variable ranges 3 of the selected specimens used for the model development based on Table 2 formulation structure for all cement types. Therefore, in this study, the entire database (which contains prediction of time-dependent total creep compliance of concrete is obtained as follows: concrete creep prediction models can be evaluated through their frequencies, in which a frequency 30 value of 1.0 for a variable indicates that it has been selected in 100% of the best generated models [44] .
31
Note that in this study, we assume the models with R 2 ≥ 0.6 are the best generated models. The frequency histograms of the input variables are shown in Fig. 3 . As can be seen in this figure, for the 1 collected database in this study, f' c and V/S have the most and the least statistically significant 2 contributions in the best generated MOGP models, respectively. Consequently, V/S was not selected as 3 an input variable in the model development process of the G-C model. The results of all models developed by MGGP (shown in solid blue circles), the optimized models 7 in the Pareto front selected using a non-dominated sorting method (shown in solid green circles), and 8 the adopted G-C model (encircled in red) are presented in Fig. 4 . As mentioned earlier, the Pareto front 9 is obtained by using a non-dominated sorting method at the end of a MOGP run through 10 simultaneously optimizing the accuracy and the complexity of the developed models. proposed G-C model, it seems worthwhile to compare the prediction results obtained from the previously for the comparison in this study.
15
The complexity and accuracy of the models are assessed and compared using different As shown in Table 4 , the proposed G-C model uses only five variables for predicting concrete 
